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Abstract 



This paper Introducts a new method for the detection of patterns or 
phases In small groups based on fuzzy pattern recognition procedures* 
The advantages of the method are: (1) It provides an accyrata description 
of ail the patterns of groiip Interactions (2) It detects rather than 
assunias the number of patterns and their length ; (3) It is based on fuzEy 
set thiory so that it takes Into account transitions between patterns. 
An exainple of the use of the method Is provided using Interaction from 
three dacislon making groups. 
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A NEW PROCEDURE FOR THE DETECTiON OF PATTERNS 
IN SMALL GPOUP INTERACTION 

I • jntroductjon 

A goal of scientific Inquirj^ 1s to dlSco\^er patterns or order^ In 
apparentlj^ random data. Tou and Gonzalez hava chaNCterlied this process 
of pattern recognition as "..,the categorization of Input data Into 
Identifiable clisses via the extraction of significant features or 
attributes of the data from a background of irrevelant detail (19?4i p. 6)." 
Small grogp researehers have attimpted to discover patterns of small group 
communldatioii across many groupi and settings: faniily comnigriicatlon, 
decision making* diseussion, therapy Interviewing and analysis^ classroom 
discussions j etc, Essantlallyp the goal of this research has been to dis- 
cover phases or nDnstatlona ry paramiters of comnunications sequencas* The 
phase hypothesis adopted by most researchers Is formulated by Hewes In the 
following terms: "issentially the phase hypothesis asserts that groups go 
through a series of discrete, qualitatively different states of development 
which are invariant in orderi but not in rate of evolution . (1977, p, IS)," 
In recent years* the typical procedure for detecting statlonarity or 
non statlonarity of communication sequences has relied upon Markov analytical 
techniques. Once codeds a composit transition matrix is constructed for 
the entire group interaction. The interaction sequence is then arbitrarny 
divided into a preset number of segments* Transition matricies from each 
time segment are canpared with the composite matrix to deternilne whether 
the segments differ In probabilities of movement from one state to another 
(ElUs & Fisher, 1975)* This research proceduri has led to confusing and 
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mixed ernpiHcal results, While mis and nsher (1975) and Stech (197B) 
found support for the existence of phaie^i Hawas and Foley {1973, 1976) 
and Scheld«5l and Crowell (1974) did not, 

Thooftitlcal And mothodoloijical problcins may acdount for tho 
slstent findings, Methodologlcany , two assuniptlons confound the dis- 
covery of phasos, F1rst» irioit researchers divide the Interaction Into an 
arbitrary nuriiber of time stgments* As a reiulti the researcher aisunies 
the existence of a given number of phases t usually three to five, before 
the data 1s even analysed* As Stech (1977) Indicated this also requires 
the assumption of statlonarlty within each time segment which may not be 
reflected In the data. Second, most resaarchars divide the interaction 
into time segnients of equal length for ease of numerical analysis* 
Again, the assuinption is made befort the data is analyzed that if phases 
exist they must all be of equal length. Thus, the present method of 
phase analysis requires that the number and tho length of phases is 
determined by the researcher rather than detected in the einplrlcal data. 
Theoretically I the major problem with phase research Is the explicit or 
implicit assumption that patterns occur in Invariant order* While 
prescriptive writers have been criticised for this assumption (Fisher i 
1974)* most empirical researchers have succumbed to the same problem in 
their models and explanations of phases (Tuckman, 1975| Fisheri 1970; 
Hare, 1973). 

The purpose of this paper is to present a new method for the discovery 
and characterization of patterns In small group decision making in which 
the existancei the number and the length of patterns are determined 
directly from the data. The term pattern is deliberately substituted for 
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the term phase in order to clarify the assumptions underiylny the theory 
and methodology of this approachi In short, a sniall group i% assumed to 
exhibit structure In the form of recurrent patterni or sequences. These 
sequencQS may be long or short, few or nianyi and they may recur during 
Interaction depending upon the nature of the group* task, and Interaction 
coding catagories. Thus, this paper seeks to test a more generalized 
form of the traditional phase hypotheses: groups exhibit patterns of 
Interaction v/hich may be characterized by prototypical transition matrices, 
This new method for discovering and characterliing patterns is based upon 
mathematical procedures known as fuzzy pattern recognition (Bezdekt 1974). 
Section II of this paper will briefly outline the fuzzy pattirn recognition 
method. Section III will demonstrate the use of the fuz^y pattern recog- 
nition algorithm by applying 1t to the analysis of patterns In three 
decision making groups. Section IV will sufmarlae the thfioretical and 
methodological Implications and discuss sonie areas for future research, 

11, Fuzzy Pattern Recognition 

While the search for patterns Is an Integral part of scientific 
inquiry, small group interaction is so complex that 1t is unlikely to be 
completely characterized by several easily-determined patterns. The task 
facing the researcher is to find a finite sat of patterns which can 
represent small group Interaction. Yet, even If such a pattern set is 
given, it Is still highly unlikely that any chain of observed Interaction 
would fall completely Into one of the pattern catigorles* Rather, the 
sequence would most likely be characterized primarily by one pattern and 
yet contain elements of sevtral other patterns from the pattern set, Hince, 



It Is necessary to reallio that any Interaction will contain parts of 
several different patterns. While nornial scientific requirements for 
mutually exclusive and exhaustive classification systenis cannot easily 
handle this situatiorii a fu^iy pattern recognition scheme can ovQrcoiiie 
these descriptive and analytical problems. 

Fuzzy patterns recognition uses fu^zy matheinatics developed by 
Zadeh (1965). Fuzzy mathematics is based on th^ premise that real world 
phenofnenon contain characteristics which overlap any artlflcal category 
system or classification rules. Therefore! set membership is characterized 
by values of a function ranging between lero and Qne> each value indicating 
the degree of membership of an element 1n a given set (Spillmans Splllman, 
and Bezdek* 1977). A zero indicates that the element being described 
shares none of the characteriitics of the given set and a one indicates 
that the element is a complete member of the set. Thus, a researcher who 
has discovered four patterns of decision-making might also discover that 
the interaction in a given time segment shared many characteristics of 
pattern one, receiving a ,9 membership value for the pattern* and that 
It shared only a few characteristics of pattern three, receiving a J 
membership value for that pattern. For a more complete description of 
fuzzy set theory and its application to communication research^ several 
articles are recommended: Beidekj Spillman and Spnimant 1978| Spillmani 
Bezdek and Spillman, 1978; Splllman, Spillman and Bezdeki 1977t 1978* 

Several techniques have been developed for machine recognition of 
patterns in data (Tou and Gonzalez , 1974). Recently a pattern recognition 
technique incorporating concepts from fuazy mathematics was developed by 



t • 



Beadek (1974) called fuzzy ISODATA. The Input data set for the fuzzy 

ISODATA algorithm Is partitioned Into c nonempty subsots or clusters. 

The value of Ci the number of clusterSi ranges between 2 and n, the number 

of data points in the input. The algorithni cjenerates the optimum fuzzy 

partition for each value of c by minimizing the functional J which 

m 

represents a fuzzy within group sum of squared errors criterion function* 
A complete description of the mathematical procedures 1s beyond the scope 
of this paper but may be found elsewhere (Bezdeki 1973, 1974), 

The algorithm as applied to the analysis of small group Interaction 
requires at set of transition matrlcies as Input as well as the range for 
the value of the number of clusters sought. A separate output Is 
prpduced for each value of c. Each output contains and entropy value* a 
prototype for each cluster or patterni and the membership value of each 
Input transition matrix across each of the clusters. The best set of 
patterns representing the data Is the one which contains the lowest 
entropy value. Each prototype consists of a transition matrix which best 
represents the associated cluster. 

Utilizing the fuzzy pattern recognition technique 1n small group 
research Involves the following steps: (1) break up the interaction into 
as many interaction segments as is feasible for the generation of a valid 
transition matrix (at least 100 interacts for a 5-category system) i (2) 
calculate a Markov transition matrix for each interaction segment (this 
serves as the input data set for fuzzy ISODATA); (3) run the fuzzy ISODATA 
program on the data generated in step two (this program is available upon 
request for the authors); (4) determine the best value for c by choosing 
the number of clusters associated with the lowest entropy value; (5) analyze 
the prototypical matrlcies to determine the characteristics and transition 
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probabilities for each of the patterns, The meinbership values of each 
data matriK may be used to detect transitional phases between patterns. 

m • InipjdjjLl EKample 

Method 

Interaction from three discussion groups was recorded, transcribed 
and coded using the categories of the mis (1976) relational coding 
system. The Ellis system translates the coded acts into five relational 
categories, dominance, f+i structuring, syminetry, i deference, 
and submission, 4^+* Groups one and two were drawn from comiriunlcatlon 
fundamentals courses at a rural university and group three was drawn from 
a course in small group communication at a nearby urban university. 
Members of the three groups were Informed that they were participating In 
a study, though no specifics were discussed with them* All three groups 
participated in the study while siniul taneously fulfilling a class project 
In which they were to choose, analyze, and present a solution to a national 
or local problemp No leader was assigned* Discussion groups one and two 
met for seven and eight consecutive days. Group three met one day each 
week for half the quarter. 

Analysis 

Markov probability transition matrices were calculated for each inter- 
action segment. Group one data were divided Into seven segments with 
approximately 100 interacts In each. Data from group two were divided into 
eight interaction segments, again with approximately 100 Interacts in each. 
Data from group three were divided Into twenty segments under the same 
criterion. 



These inat rices were used as input to the tuny ISODATA algorlthnu 
The output of this pattern recognition procedure was snalyzed according 
to steps four and five In the previous section, 

Resyl ts 

Group one. Using the entropic criterion described earlieri data 
indicated that group one was best characteriied by three interaetion 
patterns (see Table I), The entropy valua for this clustering was ,0907p 
the lowest value obtained. 

Table II shows the fuzzy membership values of each time period In each 
of the three patterns. Each time period had very strong membership In one 
of the patterns* For exafnplef time period one was clearly a member of 
pattern one since its membership value in that cluster was .9987 while Its 
membership value In the other two patterns was low (.O004| .0009). Figure I 
graphlcany displays the shift In patterns over time. The % In Figure I 
Indicates that the time period had its strongest membership in the corres- 
poding pattern* 

The prototypical transition matrlcles for each of the three patterns 
for group one are shown in Table III- Since the fuz^y ISODATA formula cal- 
culates each cell Individual lyj the rows in the matrices do not always sum 
to one. In this sense, then* the prototypes are not Markov matrices. Since 
the rest of the analysis and discussion will focus on a cell by cell compari- 
son? the rows were not normalized so that they would sum to one. The 
numbers in each cell Indicate the strength of the probability of moving 
from the state labeled in the row to that labeled by the column^ just as 
one would read a traditional Markov matrix. For example, In pattern one. 
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the pfobabiHty of a transition from 4^- to is .165. 

Group Two, Data from this group Indicated that group two was best 
characterized by five Interaction patterns . The entropy for this cluster* 
ing was .74 (see Table IV). 

In this groupi as for group one, each time period demonstrated strong 
mambershlp in one of the patterns (see Table V). In fact* three of the 
eight time segrenti exhibited membership In only one pattern with a niember- 
ship value of 1,0, Time period twoi for example, was completely contained 
in pattern two and exhibits no membership or characteristics of the other 
patterns. 

Figure II graphically displays the shift In Interaction patterns over 
time* As for group one, the shift was not an invariant progression over 
time from pattern one through pattern five* 

Tible VI Indicates the prototypical transition matrices for each cluste 
Group Three . Group threep according to the entropy measure, was best 
characterized by two patterns (see Table VII). The entropy value for the 
two-cluster solution was ,38* Unlike the other two groups the time periods 
showed strong meffiberships In more than one pattern. For example* time 
period eleven appeared to be a transition period between patterns one and 
two since its membership in pattern one was ,6365 while Its membership in 
pattern two was ,3635 (see Table VIII), Because of the fuzzy membership 
values for some of the twenty time periods, Figuria III not only indicates 
with an X the strongest membership of each time period in one of the 
patterns, but also indicates with a star those time periods which exhibited 
strong membership or characteristics of both patterns. 
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Characteristics of each Interaction cluster are given by the two 
protot^'pleal transition matrices In Table IX. 

D isc uislon 

Patterns . Bacausi of the small number of groups In this study i 
generalliable conelusions about the exaet empirical nature of patterns of 
decision making cannot be proposed. Data from this study strongly supports 
the revision of the phase hypothesis suggested In the first section of this 
paperi The reiultsi although Inconclusive, will be analyzed to demonstrate 
Now researchers can use the kind of information provided by the fuziy 
rSODATA algorithm. 

In support of the pattern hypothaslsi three concluilons seam Justified, 
Mrstf groups exhibit patterns during decision making discussions* The 
strongest avidinca for this lies in the low entropy values ranging from 
167 to *38 across the three groups. Second, patterns recur throughout a 
group's Intiractlon (Figures I, IIi and III), For group one^ pattern one 
occurred at time periods one, threei and five of the Interaction while pattern 
two occurred during time periods tm and four*' Group two also demonstrated 
the shift in patterns over time. Figure 11 demonstrated that pattern one 
occurred twice. Patterns two, threat four, and five, however, occurred only 
once during the discussion. Although it only occurred once, pattarn five 
continued through three time periods. Group three shifted back and forth 
between pattern one and two, with pattern one occurring ten times and 
pattern two occurring ten. Third, patterns are maintained for variable 
tifne lengths and do not follow a progressive order from beginning to end, 
as Iriipllcltly suggested by phase researchers. Thus, the arbitrary division 
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of group Ihtefactlon Into thr^ee or four equal t\m pefieds confounds the 
detection of underlying interaction patterns. To lllustrdt© the Impor- 
tance of thU concluslorii contrast thd findings that would have been 
obtained by trandltlonal mthods with the conclusioni found by the fuzzy 
ISOOATA prograin. If group one had been divided into four equal time 
segmonti, tho phaso for the first tlmo period would have includid patterns 
om and two. Tha second would have Ineluded patterns one and two while 
the third would have included patterns one and threei The final phase 
would have consisted of pattern three alane. The result Is a loss of 
vital inforrnation about the underlying subitructure and an Inabmty to 
aecurately label or deserlbe the phases i Typical phase analysis would have 
Incorrectly Identified time periods one and two as demonstrating one phase 
when In actual ityt both time ptHods eKhlblted a mixture of two identifiable 
patterns. Analysis of the structure of group three inuitrates the dif- 
ficulty with tht traditional phase search more vividly* If group three 
had been divided Into four equal segments j each with five time periodSi 
the first phase would have Included the following sequence of patterns: 
one» two, one twOi one (Figure III), The transition matrix would have 
Included probabilities from three occurrencis of pattern one and two 
occurrences of pattern two. Phase two would have included the pattern 
sequence two, two, two, one, one. Phase three, while consiiting of a 
different sequence of patterns (onci two, two, one, two), would have roughly 
the same transition matrix to that of phase two. It would have been In- 
correctly identified and Its uniqueness lost in the overall analysis. 
Similarly, phase four would have been identified as a recurrence of phase 
one since its transition matrix would have included the same number of 
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oecurrencts of pattirns one and two as phase on*, 

Thise results* then, support nrwre general iie-d form of th^ phas^ 
phyothesis: groups exhibit pitttrns of 1rittrac*1on v^tfilch can be charac 
tarized by prototypical transition fftftrlcfei* The nas^t s€ctlDn vHll 
analyze these prototypical transitlor matrices not to assort that all 
groups win exhibit the same kinds oi patternSi but ratheT to dimcnstrati 
how such data^mlght be analyzad In a stud/ which v#oul d includt a larger 
and mora txhaustive data pool* 

ProtQtype Analysts, Sfmplj discovering the &jc1 stance pattirns and 
regularities v^ithln phenoniinon Is not a lufHclent goal for sclentiffc 
Inquiry. The furthir task of science Is to Identify and label the regularftir 
of patterris and to discover the s1mnarit1«i andl 41 fferences aTOing patterns 
which lead to generall^abla coricluslons about tf« mtyri Qf the phenoiDeiiori 
under study. This goal can be accoriplisht^ 1 n thi context of pattern 
recognition In groups thrcugft tlii analysis of prototypical p^tterris of smll 
group interaction* While the araljiis to ^ol lovr parallel s t/ie analysis of 
phases. It should be rifflembered that the prctoty[>es represant "pwre" patterris* 
These prototypes provide the researcher with InfiOrrnat-ron concerning the most 
probable movements from an a nti cedent to a cons^yent act^ "Table III giVes 
the prototypes for the three patterns exhilDl ted fcy srsup ont^ ^Ithousii ^ 
quantltlve comparlsan cannot be niadip, concl us 1oris concern fng the 1 ikellhOQcl 
of each state can be made by surnnlrg the probabilities^ In th£ ccltirins and 
ranking them from the largest probability^ to the iiti^n est. this is dene 
because prototype data provldii only prDbabll Ity matrices and not frequeficy" 
matrices as output. Tabled gives tw column sums for the tnre# pattern^ 
of group one. In all three patterriip th^ symmetTical state, 9 v/as the 
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most likely act* In pattern one, tht second most I1k€l3' state was the 
domlnariti In patterns t\io and threes however^ deference, was 
the Second fnost likely. This seems to Indicate that group members are 
more IncHried to cooperative effort and are more fncHned to agree with 
and defer to other group members rather than to work coirpetltiyely and in 
a domlneeftng fashion when the group is in patterris two or three. The 
likelihood of the remaining actSi was cDnsistant across the three 

patterns* 

Analysis of the interact matrices ginerati findings similar to the 
conclusions drawn from the act analysis (see Table IIE). While the dif- 
firences between patterns one and two appeared small, tliere seemed to be 
a marked movernent toward deference and equality and away from competition 
or dominance as the group moves froni patterns one and tv^o into pattern 
three. The only substnatlal difference between patterns ore and two was 
the transition from structuring, to domlnancei H< Ihis competitive 
relationship occurred more in pattern one than in pattern two* where 
structuring, t-* was more likely to be followed by equal ity» ^ • 

A comparison of patterns one and two with pattern tJiree revealed some 
striking differencis* llhlle a deferential Gormnent was mm likely to be 
followed a lyimietrlcal comments +-^, In the first twc patterns, the 
transition from deference to deference, 4-4-, was far more common in 
pattern three* In a similar fashions the movement from equality to dornlnance, 
-*--t+i decreased in pattern three while the moyement from equal Itj^ to deference 
^ decreased In pattern three while the movement frQiti equality to deference 

4- increased. Finally, the transition from structuring to further struc- 
turing and deftrence, ^ ^, decreased. Since pattern three occurred 
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at the coricluslon of the groups* discussion and patterns oni and two were 
exhibttad In the first t1nie periods. It appeared that most of the struc- 
turing and dominance attanipts were made during the first 2/3 of the dis- 
cussion, and more conronts reglsttring equality and deference ware com- 
municated at the end* Transitions frofn deference to deference as well as 
transitory relationships bitween defertnce and other statts characteriied 
the conclusion of the group's Interaction. Relationships were apparently 
defined and stafall Ized toward the end of the group's Interaction, and the 
probability of challinging or opposing these rtlational definitions was 
quite 1m. 

Simillar anal/sis can^ be made of act and Interact probabilities for 
patterns in groups two and thrti. One should be careful s howeveri to note 
that the pattirn recurrence In these groups Is more complex than in group 
one. The order of the patterns? morioveri did not occur in numerical 
order as it did in the first group. 

Five patterns were detected for group two. After sumning the columns 
to deterniine single act frequencies , equality or synTOtrys ^ , again pre- 
dominated across all patterns. For patterns one and fivti deference^ , 
was the sacond most likely. For the other three patterns, however, dominanct 
++i was the stcond most likely act. The rank ordering for the other three 
acts^ 4^+, t** ^ , WIS the same across all five patterns (see Table XI)* 

At the interact level ? two of the most striking differences across the 
five patterns weri the transitions out of dominance, t+s and out of syroietryi 

(see Table VI)* In pattern ones the state following leads most often 
to the deference states , The transition from dominance to deference, 
4++*, was more likely in pattern one than in any of the other patterns. 
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Pattem one also had a strong&r Hkellhood to translst from dominance to 
structuring* than any of the other patterns. The transition from 

dominance to iymnitry was liss Hkely, however, in pattern one than in all 
other pattarns. Patterns one and five showed approximately the same like- 
lihood for the transition between synirietry and deference, This transition, 
moreover* was more Hkely in patterns one and five than in patterns two, 
three, and four. Pattern two demonstrated a lower likelihood than patterns 
three, four or five to transist from deference to deferences The 
transitiDn from dominance to symmetry, , was also less likely in this 
pattern than in the latter three. 

Pittern one was the only pattern which recurred In this Interaction, 
It appeared to be slightly inore conipetltive and to e3<h1bit more dominance 
than the other patterns* Five appeared to be the final pattern-phase of 
the groups occurring three consecutive times at the end of the group's 
Interaction, To pinpoint differences more precisely ^ more data would be 
necessary than was available at this point* It 1s apparent* however, that 
this method of analyzing group interaction reveals far more .complexity and 
provides much more Information that Is usually available in traditional 
Markov analysis. The nature of this complexity Is revealed one step further 
in a brief Took at decision making in group three. 

Adding the columns for groiip three revealed that the two patterns were 
strickingly similar in the relative order of the most probable states (see 
Table )(n), They differed, however, in the relative strengths of probabili- 
ties within the ordering. While dominance was the most probable act in 
both phaseSp its likelihood was much stronger for pattern two (3*33) than 
for pattfirn one (2,58), Defirence, the second most likely act for both 



pattirns, was Itss probable for pattern two (.81) than for pattern one 
(1.15). The differencii in the probabnities for the other thrte states 
were mininial. 

At the tnteract leveU three interacts accounted for the majority of 
the differencis between the two patterns (see Table IX), Transitions 
froni equality^ ^ * to deference, were more probable 1n patteni one 
than twOi Transitions from equality to structuring* f-^ were also more 
likely to occur in pattern one than tv/o. The transitory Interact between 
equality and dominance* ^ however, was more likely to occur in pattern 
two than one* Taking Into acCDunt both act and interact differences , 
pattirn two seenied to be a more competitive and challenging pattern than 
pattern one. Statements registering equality were more likely to be met 
with strongly dominant statemants 1n the second patternt and the sheer 
frequency of dominant statements was greater for this pattern* More 
attempts at cooperation were demonstrated by pattern one as reflected 1n 
the transitions from equality either to deference or to structuring. 

Looking at the shifts In patterns across tln^ and the strength of 
membership of each time segment in the two patterns provides another 
method for describing this group* s behavior/ The first time period 
reflected a strong membership in pattern one (,7983) and a relatively 
weak membership In pattern two (,2017), This means that while time segment 
one exhibited some characteristics of the less intensely competltiye patterns 
it also exhibited some characteristics of the second pattern. The second 
time segrent was almost cOTipletely characterized by pattern two (,9902), 
increased coripetltion and relationship challenge. The third time segment 
exhibited almost Identical characteristics as time segment one as shown 



by its similar membership values (,8156, .1844). Time segmtnt four was 
simnar to the second time sigment* Time segment five appearid to be a 
translstlon time period in the back and forth shifting of patterns, It 
reflected more characteristics of pattern one (,6469) than two* though It 
maintained many of the attributes of both* This same analysis could be 
continued across all time periods to indicate the strength of the dif- 
ferences anwng time segments. In addition^ a tinre series analysis could 
be parformed on the mimbership values which would provide an equation to 
describe the pattern membership behavior over time and to predict pattern 
behavior which would have occurred If the group had continued interaction, 
it should also be noted that the group began and ended its interaction 
with pattern one. During the entfre course of decision making, however i 
there were an equal number of time segments in each pattern. The group 
could almost be said to exhibit a fight and flight tendency, although the 
probability prototypes would have to be examined mofe thoroughly before 
such a conclusion could be stated as empirical fact. Fisher and Beach 
(1978) found a similar shift in their analysis of dynamic interaction. 
They explalnad. the shift from m1ld conflict to equivalence as follows: 

Such movement may be an on-going characteristic of the maintenance 
function of on-going relationships. That Is^ a mature and stable 
social relationship need not be characterlEed by a constancy of 
the same Interaction patterns (l978i p. 13). 

As can be seen from this cursory examination of the data, the fuzzy 
ISODATA method for analyzing communicative Interaction provides more 
Information and more accurate picture of group Interaction than those 
methods most often used to discover phases* Groups exhibit patterns and 
a complexity of interaction which has been untapped by most research 



techniques. In fact, tht Informitlon Is so massive and complex that 
more convenient methods for handling the data must be found. These will 
be presented in the final siction of this paper. Suffice It to saj^ herit 
however, that patterns do exist in cofmunlcatlve Interaction^ and that 
these can be nigstrated through prototypical matrices and the changing 
membership values 1n patterns over tire* 

IV* Summary and Implicat loni 

The fuzzy ISODATA algorithm provides a useful mathematical technique 
for detecting patterns for interaction in small groupi. It also provides 
an effective method for the description and analysis of such patterns by 
detennlning pattern prototypes and the membership of any Interaction-time 
segment in the set of patterns. The infomation obtained form this 
algorithm may be analyzed by similar techniques now In use to analyze 
Markov probability transition matrices* 

The empirical example illustrates somi of the results of using this 
algorithm. One of the largest disadvantages of the method is In fact its 
greatest advantage: the sheer amount and cornplexity of the Information 
it provides, Sonie methods for handling and analysing this Information are 
avanable. Anderson-Goodman statistics may be used to compare normalized 
prototype transition matrices to demonitrate the sigfiif leant differences 
among the patterns, Stereotype statistics can also be calculated to 
compare the amount of structure In each of the pattern prototypes. Com- 
plexity may also be handled by noting the amount of time the group remains 
In each state across the different patterns. Time could be detefrtilned by 
both interact and clock time. State decay rates (Splllman and Splllman, 
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1976) may also be dttennlned for each prototype matriK to calculate 
occupancy rates* 

Though we have demonstrated this method through Ellis* relational 
coding systemp It should bt apparent that it Is not dependint upon the 
type of coding scheme or even upon the type of group. All types of groups 
and coding systems which are analyzed by the tradittonal Markov method 
may be analyzed by the fuiiy ISODATA algorithm. The double Interact 
level or even longer chains of Interaction could also be analyzed by the 
program. 

The major point to be made by this paper Is that present methods of 
searching for phases have led to Inconsistent results. We believe that the 
.inconsistencies and confusions stem from theoretical and methodological 
problems* The fuzzy ISODATA method offers the following advantages over 
the traditional method: (1) it provides an accurate description of all 
the patterns of group interactloni (2) it deticts rather than assumis the 
existence of phases and does not rely upon arbitrary time or interact 
divisions; (3) 1t determines the number of patterns displayed by the group 
and describes each pattern with a prototype transition matrix; and (4) 
because it is based upon fuzzy set theory / it takes into account transition 
time periods between patterns and thus more accurately describes a group's 
behavior and evolution. 
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Table K: Column Sums for Group One Prototypas 
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Table XI i Column Sums for Group Two PrototypeB 
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Figure t! Pattern Mcmborflhip ovef Time for Group One 



Time 





I 


2 


3 J 


4 ' 5 


6 


7 


8 


I 


X 






X 










2 

* ■ 

3 
4 
5 


































X 




x' 


y 






X 



Figure III Pattarn Membership over Time for Group Two 
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